Motivation: Carbohydrates play crucial roles in various biochemical processes and are useful for developing drugs and vaccines. However, in case of carbohydrates, the primary structure elucidation is usually a sophisticated task. Therefore, they remain the least structurally characterized class of biomolecules, and it hampers the progress in glycochemistry and glycobiology. Creating a usable instrument designed to assist researchers in natural carbohydrate structure determination would advance glycochemistry in biomedical and pharmaceutical applications. Results: We present GRASS (Generation, Ranking and Assignment of Saccharide Structures), a novel method for semi-automated elucidation of carbohydrate and derivative structures which uses unassigned 13 C NMR spectra and information obtained from chromatography, optical, chemical and other methods. This approach is based on new methods of carbohydrate NMR simulation recently reported as the most accurate. It combines a broad diversity of supported structural features, high accuracy and performance. Availability and implementation: GRASS is implemented in a free web tool available at
Introduction
Carbohydrates play key roles in immunology (Rabinovich and Toscano, 2009) ; their employment as drugs and vaccines has been steadily increasing in the last decade (Alper, 2001; Astronomo and Burton, 2010; Boltje et al., 2009; Ernst and Magnani, 2009; Fuster and Esko, 2005; Gaidzik et al., 2013; Kwon et al., 2017) . The knowledge of the primary structure of glycans, glycopolymers and glycoconjugates is vital for understanding their biochemical properties and for deciphering their cellular functions. However, these compounds remain the least structurally characterized class of biomolecules, and this gap hampers the understanding of their functions at the molecular level (Agirre, 2017; Duus et al., 2000) . Unraveling the structure of a carbohydrate is usually a tedious task, which demands a well-qualified specialist and a lot of time (Duus et al., 2000; Toukach and Ananikov, 2013) . The development of a viable tool aimed at helping researchers to resolve this issue would facilitate the progress in glycochemistry and glycobiology drastically. Automated structure elucidation has been attempted in CASPER (Lundborg and Widmalm, 2011) , a web service for NMRbased structure prediction for oligosaccharides and regular polysaccharides. However, it suffers from a limited scope of supported monomeric residues and structural features. The BIOPSEL (Toukach and Shashkov, 2001 ) software has been reported for the determination of structures of glycopolymers, but it is a standalone command-line application. Here, we present GRASS (Generation, Ranking and Assignment of Saccharide Structures), which is a method for automated elucidation of regular poly-and oligomeric carbohydrate structures. It supports most of the structural features present in carbohydrates from all natural domains, including uncommon residues (furanoses, higher sugars, phosphates, amino 
Materials and methods

Basic concept
Briefly, GRASS generates all possible structures and uses a fast NMR simulation method for rough ranking against the experimental 13 C NMR spectrum and then employs an accurate simulation method for refinement. Particularly, it iterates all chemically possible carbohydrate structures satisfying the given constraints obtained from a few relatively simple experiments (described in Section 2.4).
For each structure, a 13 C NMR spectrum is simulated by a fast empirical method adapted from BIOPSEL (Toukach and Shashkov, 2001; Toukach and Egorova, 2016) and is compared to an experimental spectrum recorded in water. We significantly expanded the scope of structural features supported by this simulation method to enable the structure elucidation module to process the majority of natural carbohydrates (see a list of the supported residues in Supplementary Material Section S1). The method utilizes an incremental scheme with a steric correction parameterized for multiple carbohydrate and non-carbohydrate residues and bond types. After this empirical step, no more than 500 best-fitting structures are refined by a statistical NMR simulation to give several top-matching structural hypotheses. The statistical simulation employs the Carbohydrate Structure Generalization Scheme recently reported for database-driven carbohydrate NMR simulation (Kapaev et al., 2014; Kapaev and Toukach, 2015) . It includes sequential generalization of structural surrounding of each atom and heuristic averaging of chemical shifts from CSDB. This simulation is much slower than the empirical one, but it has been reported as the most accurate method for carbohydrate NMR simulation to date (Kapaev et al., 2014; Kapaev and Toukach, 2015) .
Supported structural constraints
Although the only required input data are the experimental 13 C NMR spectrum in water and the number of residues per structure unit, the user is recommended to specify as many knowns as possible to enhance the prediction accuracy. The supported structural constraints are the following (experiments providing this information are parenthesized): C NMR spectrum (Ritchie et al., 1975) ]; ring size can also be restricted explicitly for every sugar residue;
• N-acetylation limitations [counting shifted signals in the range of 50-56 ppm in HSQC at different pH (Bock and Pedersen, 1983) or counting signals at 23-24 ppm in a 13 C NMR spectrum of a de-O-acetylated sample];
• linkage positions and/or number of substituents for each residue (methylation analysis); • absolute configurations (GC of modified hydrolysis products); • total number of CH 2 groups per structure unit (APT, DEPT-135); • partial sequence data (analysis of hydrolysis products);
• phosphorylation data (1D 31 P NMR);
• search depth: in the default widespread mode, GRASS iterates structures that do not contain exotic features, such as rarely occurring residues, atypical configurations, highly dendrite branching patterns or huge side chains in polymers.
Widespread mode
Using widespread mode allows the enhancement of the prediction accuracy and performance and is recommended in most cases. This mode applies the following limitations:
• If a certain residue is a superclass (e.g. Any residue or Any hexose), only its representatives reported to occur more than 20 times in natural compounds will be used (as deposited in CSDB). This gives $200 widespread residues, in contrast to 2300 residues in total.
• If absolute configuration exists for a certain residue but is unknown, only widespread values will be used, such as D for glucose, L for most amino acids, both D and L for rhamnose, etc.
• If ring size exists for a certain residue but is unknown, only widespread values will be used, such as pyranose for glucose, furanose for fructose, both for galactose, etc.
• Topologies with branched nodes having more than two substituents (except monovalent ones, like acetic acid) are excluded.
• Polymers are not allowed to have more residues (except monovalent ones, like acetic acid) in side chains than in a backbone.
• Linkages between two default outgoing centers of polyvalent residues [e.g. Glc(1-1)Gal or Fru(2-1)Glc] are not allowed. Cases like Glc(1-1)Me are considered as widespread.
Structure iteration algorithm
The GRASS structure iteration algorithm includes five steps (Fig. 1 ). The first step is processing of user-defined residue names, anomeric and absolute configurations and ring forms. Unconnected structural nodes are created in accordance to the total number of residues. For each node, a set of candidate residues is generated on the basis of the above-listed constraints. For example, if the residue name is rhamnose, the anomeric configuration (a/b) is unknown (?), the absolute configuration is D, and the ring form is pyranose, the set for this residue will contain two instances, a-and b-D-rhamnopyranose. If the option no furanoses is set, the resulting residue sets will lack residues in the furanose form. In the widespread mode, only common residues (>20 instances in CSDB) will be included in the residue sets unless explicitly specified otherwise. For example, if the residue name is glucose, the anomeric configuration is a, the absolute configuration is unknown, and the ring form is unknown, the resulting residue set will include only a-D-glucopyranose; however, both D-and L-forms of a-glucofuranose will be generated if the ring form is explicitly set to furanose (as there are no widespread residues of glucofuranose).
The second step is obtaining a list of appropriate structure topologies with a given number of nodes. A topology is a directed graph, which reflects the linkage of residues to each other, ignoring their nature. At this stage, all residues are considered as identical objects (nodes), which can have one or no outgoing linkages (acceptors) and up to four ingoing linkages (substituents). Topologies in the graphic form can be browsed at http://csdb.glycoscience.ru/biopsel/topol ogy.php? db¼database.
Here and below, we represent the topologies as strings of digits (in bold). Within the strings, the digit position (starting from 1 at the left of a string) is the node order, and the digit itself stands for the order of a node it donates to. If a node has no outgoing bonds (reducing end), its digit is zero. Below are a few examples of the encoded topologies:
• linear trimeric repeating unit of a polymer: 312 • linear trisaccharide: 012 • branched trisaccharide: 011 • pentasaccharide repeating unit including a single-residue side branch: 51134 • hexasaccharide repeating unit with one single-residue side chain per each of the three backbone residues: 511335
At this stage, the total number of residues, the structural scope (polymers/oligomers), the search depth (widespread or all possible structures) and the number of terminal residues are taken into account. In the widespread mode, topologies are excluded if they a priori meet at least one of the following criteria:
• there are more residues (except monovalent ones) in the side chains than in the polymer backbone. For example, if the residue composition does not include monovalent residues, polymeric topology 112 is excluded.
• any node in the topology has three or more non-monovalent substituents. For example, 4111 will be excluded if there are no monovalent residues in composition.
For each topology that has passed through these filters, a set of all possible transposition operators (T-operators) is derived. A T-operator defines a transposition of nodes within the topology, which does not affect any structure having this topology. For example, the structure a-
which has the topology 011, does not change if node 2 (galactose) and node 3 (mannose) are swapped, and the substitution positions are swapped accordingly. Hence, there is a T-operator for 011, which exchanges nodes 2 and 3.
At the third step, all possible combinations of residue set arrangements (RSAs) are generated for each topology matching the constraints. Duplicate arrangements are filtered out by applying Toperators to every new arrangement and checking whether it has already been generated. At this stage, allowed acceptors, allowed locations (reducing end, terminal, etc.) and a minimal/maximal number of substituents for each residue are taken into account. In most cases, when all residue sets include residues of the same valence (it is true for any residue name except the superclass ANY), RSAs in Fig. 1 . GRASS structure iteration algorithm. The example job used to explain the algorithm is saved at http://csdb.glycoscience.ru/biopsel/grass_interface.php? load¼GRASS_example. Grey triange stands for fucose residues, white circle stands for galactose residues the widespread mode are excluded if they contain a residue with three or more non-monovalent substituents.
At the fourth step, all combinations of particular residues are generated for each RSA. Duplicate instances are filtered out by applying T-operators.
Here, user-defined N-acetylation patterns (allowed, demanded or forbidden linkage of acetic acid residues to amino groups), the total number of b-sugars, the total number of signals in the experimental spectrum (the total number of non-equivalent carbons) and the total number of CH 2 carbons are utilized for structure filtering. In the widespread mode, the resulting combinations, which have residues with three or more non-monovalent substituents, are excluded (in the case it has not been done at step 3).
At the last step, all possible combinations of substitution positions are generated for each combination of residues. Duplicate instances are filtered out by applying T-operators. The substitution positions are iterated in accordance with the user input and the chemical ability of residues to form ester, ether or amide bonds. In the widespread mode, linkages between default outgoing centers of two non-monovalent residues are excluded.
Goodness of fit evaluation
The results are evaluated using goodness of fit, linear correlation factor, root mean square deviation and trustworthiness metrics (Kapaev and Toukach, 2015) returned by the simulation engine and averaged for all atoms in a structure. If simulated and experimental spectra have the same number of signals, goodness of fit is the arithmetic mean of pairwise signal deviation in the sorted spectra. If the number of signals in the simulated spectrum differs from that in the experimental one, goodness of fit is derived from the best value obtained from all possible sub-spectra of the larger spectrum, where the sub-spectrum size is equal to the size of the smaller spectrum. In this case, the difference in the sizes of the compared spectra introduces a penalty proportional to the ratio of the size difference to the smaller spectrum size.
Implementation
GRASS was deployed at the platform of CSDB (Toukach and Egorova, 2016). PHP 5, MySQL 5, JavaScript and DHTML were used for implementation. Web interface was tested in Mozilla Firefox 52, Google Chrome 56 and Internet Explorer 11.
For each top-matching structure, it is possible to get predicted and assigned 13 C and 1 H NMR spectra, expected accuracy and trustworthiness on a per-atom basis (Kapaev et al., 2014; Kapaev and Toukach, 2015) and assigned 2D NMR plots (Kapaev and Toukach, 2016 and other spectra are exportable for external processing and comparison to the experimental ones. GRASS is linked to the Sweet-II modeler (Lü tteke, 2017) for the generation of atomic 3D models of structures, which can be downloaded in the PDB format or visually explored to estimate the nuclear Overhauser effects (NOEs). Threedimensional models can also be generated by CSDB engine along with SMILES and structural formulas. The GRASS user interface is described in Supplementary Material Section S2.
3 Results and discussion
Accuracy and performance
To test GRASS accuracy and performance, we used various structural features from 556 structures with published 13 C NMR spectra recorded in water (see Supplementary Material Section S3). Most of them were selected from CSDB and recent articles published in Carbohydrate Research. If the 13 C NMR spectrum of a structure was deposited in CSDB, this record was virtually removed from the database during tests to avoid the statistical NMR prediction bias (Kapaev et al., 2014; Kapaev and Toukach, 2015) . Acetic acid residues attached to amino groups were not counted as separate residues.
We observed the ranks of the correct structures in the top lists and the consumed time in eight modes. Mode features are listed in Table 1 . In each mode, the following data were considered as known about the structures:
• monomeric composition: absolute configuration (if applicable), residue name, ring size (if applicable); • oligomer versus polymer; • for oligomeric structures: which residue is located at the reducing end.
As an example, mode 1 implies the specification of polymericity (polymer/oligomer), monomeric composition, substitution positions, N-acetylation type (allowed/forbidden/demanded) and the total number of b-sugars per structure unit, while other parameters are unrestricted by default (Table 1) . In this mode, the tool gives fair predictions of parameters that are hard to determine without full NMR assignment, namely the sequence of residues and their anomeric configurations. For relatively complex structures built of five or six residues, 76% or 74% of correct structures, respectively, were predicted among the top five matches (Fig. 2, mode 1) . In most cases, it took minutes to work out structural hypotheses in this mode (Fig. 3) . The prediction power for extremely complicated cases with seven or more residues lay within 60%; however, it could be enhanced further by adding more structural constraints. For example, the blood group A heptasaccharide (Fig. 4, 1) , which was ranked as the fifth hypothesis in mode 1, became top-ranked in the GRASS output when the fucose and galactosamine anomeric configurations were restricted as a. There is no substantial decrease in accuracy or performance if the number of b-sugars and/or number of substituents are not specified (see Fig. 2 for accuracy and Supplementary Material Section S4 for performance, modes 2, 5 and 6). Providing no information about substitution positions results in mediocre accuracy and a 10-fold performance decrease (Fig. 2 and Supplementary Material Section S4, modes 7 and 8). For carbohydrates containing five residues, less than 50% of structures occupied top-10 in modes 7 and 8. For 1, the job in mode 7 took 25.8 h (18 million structures iterated), and the correct structure was out of top-10. Complex structure elucidation in unrestricted modes is a fundamental issue since lots of structures with cognate 1D NMR spectra are iterated. Hence, if the structures are bigger than a trisaccharide, it is important to restrict the allowed substitution positions retrieved from a methylation experiment. Providing no structural constraints except the number of residues is reasonable for structures with one or two residues. For example, D-galactan I (Fig. 4, 2) was selected by GRASS as best fitting (i.e. in 'top 1') to the experimental spectrum from about 300 000 iterated structures (the task was solved in 28 min).
In few cases (0.7%) the results were slightly better if less structural restrictions were applied. This occurs due to a conflict between empirical and statistical methods when statistically best-fitting structures are moved out of empirical top-500 because their empirical spectra are poorly simulated but empirically better-fitting structures exist. It should be stressed that defining as many knowns as possible generally leads to the accuracy increase.
User spectra misinterpretation support
GRASS can manage cases when the user inputs the experimental 13 C NMR spectrum incorrectly, i.e. when coincided signals are considered as one signal, or noise is falsely recognized as a signal, or a lowintensity signal (e.g. a carboxyl group) is missed. Obviously, such mistakes decrease prediction accuracy. The effect of incomplete experimental 13 C NMR spectrum upon GRASS predictive power was tested using glucuronoxylomannan of Cryptococcus neoformans serotype A (Fig. 4, 3) , which has coincided signals and a small Fig. 3 . GRASS performance in mode 1 depending on the number of residues in a structure unit. Performance was tested using a server-deployed instance of GRASS Fig. 2 . GRASS accuracy in different restriction modes obtained on a pool of 556 structures (see Supplementary Material Section S3). The structures with nine residues gave 0% hits in all modes and all top-ranked list sizes. For structures with six or more residues, the validation was not carried out in the least-restricted modes 7 and 8 due to the exhaustive time consumption and low accuracy Fig. 4 . Structure examples discussed in the text: blood group A active heptasaccharide (Strecker et al., 1989) (1); D-galactan I (Katzenellenbogen et al., 2008) (2); glucuronoxylomannan of Cryptococcus neoformans serotype A (Sheng and Cherniak, 1997) (3) signal that can be overlooked. The goodness of fit D, which is the average distance between pairwise signals in a simulated versus experimental spectrum (the lower is better; see details in Section 2.5), was 0.52 ppm if all the experimental peaks are picked properly; however, it increased to 0.81 ppm if the signal at 177.76 ppm (GlcA C6) was skipped, and to 0.96 if the double-intensity signal at 80.68 ppm (2 Â Man C2) was inputted only once (Table 2) . In all cases, structure 3 was ranked as the top-matching hypothesis in mode 1. Reducing the number of restrictions spoils the rank of the correct structure in mode 5 (Table 2) .
Comparison with other methods
To this date, among published methods dedicated to carbohydrate structure elucidation based on the NMR data (Lipkind et al., 1988; Lundborg and Widmalm, 2011; Toukach and Shashkov, 2001) , only CASPER provided acceptable accuracy and scope, while general methods were reported as inapplicable (Toukach and Ananikov, 2013) . GRASS supports most of the structural features found in natural carbohydrates, including those unsupported by CASPER. They include furanoses (e.g. structure 2), higher sugars (except Neu5Ac supported by both methods), relatively uncommon pyranoses (bacillosamine, perosamine, 6-deoxytalose, etc.) and non-carbohydrate constituents (with a few exceptions). Detailed comparison of structural and computational features supported by GRASS and CASPER is available in Supplementary Material Section S5; example structures supported/unsupported by CASPER are in Supplementary Material Section S3.
To compare GRASS versus CASPER accuracy, a subset supported by CASPER (334 structures, see Supplementary Material Section S3) was picked from the data used for validation. The tools were compared in mode 3. Other modes are not supported by CASPER because it does not have the widespread mode and it does not support having the allowed substitution positions and polymer/ oligomer flag restricted but the number of substituents for each residue unrestricted at the same time (for structural constraints supported by GRASS and CASPER, see Supplementary Material Section S5).
On a model pool of structures supported by both methods, GRASS generally outperformed CASPER in prediction power if the same structural constraints were applied, especially for complex cases (Fig. 5) , including structures 1 and 3, which were missing from the CASPER top-10 list. Widespread mode, a unique option of GRASS, enhanced accuracy and performance by exclusion of structures unlikely to appear in nature (see Fig. 2 for accuracy, Fig. 3 and Supplementary Material Section S4 for performance; compare modes 1 versus 3 and 2 versus 4).
Only 10 heptamers and two octamers could be selected as test structures because of CASPER limitations and the lack of published data (see Supplementary Material Section S3). Due to this, the statistical credibility of GRASS versus CASPER comparison on big structures (two upper rows in Fig. 5 ) is lower than on simple structures.
Conclusions
A combination of recently developed NMR simulation approaches tuned for carbohydrates allowed us to implement a novel method GRASS. It is capable of predicting glycan and derivative structures in semi-automated manner at the level of accuracy unachieved by other methods. GRASS supports most of structural features found in natural carbohydrates; its high performance allows the massive processing of structural hypotheses. The method is equipped by a free user-friendly web tool for routine semi-automated structure unraveling. The accuracy of statistical NMR simulations is expected to increase upon regular updates of CSDB with new NMR data, which will be continuously improving the GRASS precision. Smaller D values stand for better goodness of fit of the simulated spectrum to the experimental one. Fig. 5 . GRASS versus CASPER accuracy. Color density represents the difference between the numbers of times the correct structure was found in the best-matching hypothesis list generated by GRASS vs. CASPER (grey shades stand for better GRASS accuracy, crossed grey shades stand for better CASPER accuracy, white areas stand for no difference between programs) 
